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In this  work,  we integrated  a remote-sensing-based  (the  MODIS  MOD  17 Gross  Primary  Productivity
(GPP)  model  (MOD  17))  and  a process-based  (the Biome-BioGeochemical  Cycles  (Biome-BGC)  model)
ecological  model  in  order  to estimate  long-term  (from  2000  to  2012)  forest  carbon  ﬂuxes  over  the  Qilian
Mountains  in northwest  China,  a  cold  and  arid  forest  ecosystem.  Our  goal  was  to  obtain  an  accurate  and
quantitative  simulation  of  spatial  GPP  patterns  using  the  MOD  17  model  and a temporal  description  of
forest  processes  using  the  Biome-BGC  model.  The  original  MOD  17  model  was  ﬁrst  optimized  using  a
biome-speciﬁc  parameter,  observed  meteorological  data,  and reproduced  fPAR  at the eddy  covariance
site.  The  optimized  MOD 17  model  performed  much  better  (R2 =  0.91,  RMSE  = 5.19  gC/m2/8d)  than  the
original  model  (R2 = 0.47,  RMSE  =  20.27  gC/m2/8d).  The  Biome-BGC  model  was  then  calibrated  using GPP
for  30  representative  forest  plots  selected  from  the optimized  MOD  17 model.  The  calibrated  Biome-
BGC  model  was  then  driven in  order  to estimate  forest  GPP,  net  primary  productivity  (NPP),  and  net
ecosystem  exchange  (NEE).  GPP  and  NEE  were  validated  against  two-year  (2010  and  2011)  EC mea-
surements  (R2 = 0.79,  RMSE  = 1.15  gC/m2/d  for GPP;  and  R2 =  0.69, RMSE = 1.087  gC/m2/d for  NEE).  NPP
estimates  from  2000  to 2012  were  then  compared  to dendrochronological  measurements  (R2 =  0.73,
RMSE  =  24.46  gC/m2/yr).  Our  results  indicated  that  integration  of  the  two  models  can  be  used for estimat-
ing  carbon  ﬂuxes  with  good  accuracy  and  a high  temporal  and  spatial  resolution.  Overall,  NPP displayed  a
downward  trend,  with  an  average  rate  of  0.39  gC/m2/yr, from  2000 and  2012  over the  Qilian  Mountains.
Simulated  average  annual  NPP  yielded  higher  values  for the  southeast  as  compared  to  the northwest.  The
most positive  correlative  climatic  factor  to  average  annual  NPP  was  downward  shortwave  radiation.  The
vapor pressure  deﬁcit,  and  mean  temperature  and  precipitation  yielded  negative  correlations  to  average
annual  NPP.
©  2016  The  Author(s).  Published  by Elsevier  B.V.  This  is an  open  access  article  under  the CC. Introduction
Forests are important carbon pools in terrestrial ecosystems
Schimel, 1995; Batjes, 1996; Liu et al., 2011) that determine the
torage and sequestration of carbon dioxide (CO2) in the atmo-
phere. Carbon stocks and ﬂuxes are dynamic in forests and are
nvariably impacted by natural disturbances, weather and cli-
ate variability, anthropogenic activity, and growth and succession
Schimel et al., 2001; Nemani et al., 2003; Richardson et al., 2007).
ue to these interactions, the quantiﬁcation of forest carbon ﬂuxes
ver regional areas has been the focus of many scientiﬁc studies
Sellers et al., 1997; Bradford et al., 2010; Tang et al., 2012; Zhou
∗ Corresponding author.
E-mail address: tianxin@caf.ac.cn (X. Tian).
ttp://dx.doi.org/10.1016/j.jag.2016.07.009
303-2434/© 2016 The Author(s). Published by Elsevier B.V. This is an open access articl
.0/).BY-NC-ND  license  (http://creativecommons.org/licenses/by-nc-nd/4.0/).
et al., 2013). To date, as a result of changing climatic conditions and
uncertainties surrounding carbon ﬂux simulations in various forest
types (Pan and Li, 2011; Gray and Whittier, 2014), accurately simu-
lating forest carbon ﬂuxes has been challenging. Many studies have
debated the potential variation of terrestrial ecosystems due to cli-
mate change (Mohamed et al., 2004; Boisvenue and Running, 2006;
Huang et al., 2014; Sun and Mu,  2014), natural and human distur-
bance (Dury et al., 2011; Yu et al., 2011; Kirk, 2013; Dai et al., 2014),
and organic growth (Pregitzer and Euskirchen, 2004; Russell et al.,
2010; Vedrova, 2011; Wang et al., 2011). Forest management may
greatly beneﬁt from a reduction in these uncertainties, especially
since accurate carbon ﬂux data obtained from forests are important
for international negotiations aimed at limiting the atmospheric
concentration of greenhouse gases.
In the context of carbon ﬂuxes, gross primary productivity
(GPP), net primary productivity (NPP), and net ecosystem exchange
e under the CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/
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NEE) are key indicators for forests (Beer et al., 2010; Piao et al.,
011). Numerous studies, aimed at estimating carbon ﬂuxes using
arious methods (i.e., eddy covariance (EC), remote sensing tech-
iques, process-based models, etc.) have been undertaken in the
ast (Baldocchi et al., 2001; Maselli et al., 2006; Running and
oughlan, 1988). The EC technique is a direct way to obtain esti-
ates for CO2, water, and energy ﬂuxes between the biosphere and
he atmosphere that are essential for characterizing and analyzing
ynamic forest ecosystem processes (Baldocchi and Bowling, 2003;
aselli et al., 2009; Chiesi et al., 2011). At present, global tower
ites, including Euro-FLUX, Ameri-FLUX, Asia-FLUX, and China-
LUX (Aubinet et al., 2000; Baldocchi et al., 2001; Yu et al., 2006;
riend et al., 2007), provide continuous and representative mea-
urements of terrestrial carbon cycle dynamics. However, the EC
echnique only provides carbon ﬂux measurements over small foot-
rint areas, and is expensive and spatially limited (Gilmanov et al.,
003; Brilli et al., 2013).
Remote sensing-based models (i.e., the MODIS MOD  17 GPP
MOD 17) model), provide a simple yet accurate and quantitative
easure of the spatial pattern of vegetation activities on regional or
lobal scales. Models such as the MOD  17 are able to apply synthe-
ized data over wide spatial scales and data with a high frequency.
he MOD  17 model relies on the applicability (i.e., data without
loud/rain contamination) and explicability (i.e., retrieval accuracy)
f remote sensing data, and cannot explain the intrinsic charac-
eristics of ecological processes (e.g., transpiration, photosynthesis,
espiration, allocation, etc.) or the response of forest ecological pro-
esses to climate variations.
In contrast, process-based models (i.e., the Biome-
ioGeochemical Cycles (Biome-BGC) model), rely on conventional
round data including climatology, meteorology, and vegetation
onditions, and are based on the main processes of forest ecosys-
ems (e.g., carbon, nitrogen, and water ﬂux dynamics) (Running
nd Gower, 1991). The main drawback of these models is their
eed for abundant input information and accurate calibrations
or each biome type (Chiesi et al., 2012). For this type of model,
he input data must be elaborated in order to characterize forest
rocesses over large areas and to satisfy the spatial and temporal
esolution requirements to describe variability in local environ-
ents, particularly in complicated mountainous areas such as
hose found in our study.
Since NPP determines the rate of atmospheric carbon absorbed
y vegetation, it is a measure of plant growth. The dynamics of NPP
re directly linked to environmental variations (Lu et al., 2009).
arious scale NPP variations and their links to climate have been
xplored (Nemani et al., 2003; Pan et al., 2011). Interannual vari-
tions in NPP have been determined to be negatively correlated
ith atmospheric CO2 growth rates, indicating that global terres-
rial NPP is a major driving force of the growth rate for atmospheric
O2 (Zhao and Running, 2010; Tian, 2015). Additionally, persis-
ent warming and climate change have been determined to lead to
nprecedented changes for terrestrial vegetation growth and pro-
uctivity (Piao et al., 2007, 2011; Ouyang et al., 2014). Large-scale
limate anomalies have also been determined to impact regional
nnual NPP. For example, droughts during 2000 reduced NPP in
orth America and China, droughts during 2002 reduced NPP in
orth America and Australia, and a drought during 2003 reduced
PP in Europe (Ciais et al., 2005). The impacts of climate variations
i.e., temperature and precipitation) on ecological processes within
orest ecosystems have also previously been discussed (Gao et al.,
000; Berthelot et al., 2005; Zhang et al., 2011).
The goal of this study was to integrate the advantages of remote
ensing-based (MOD 17) and process-based (Biome-BGC) mod-
ls in order to reduce uncertainties in simulating forest carbon
uxes over the Qilian Mountains where environmental (landscape,
errain, meteorological) conditions are highly heterogeneous. Inervation and Geoinformation 52 (2016) 515–526
this study, inventory measurements (dendrochronogical (tree ring)
data), data from EC techniques, as well as a remotely sensed and
a process-based model were employed in order to simulate for-
est carbon dynamics from 2000 to 2012. In detail, the MOD 17
model was ﬁrst optimized at the EC site using three input sources,
maximum light efﬁciency (LUE), meteorological estimates, and the
fraction of photosynthetically active radiation (fPAR). After verify-
ing the validity of the optimized MOD  17 model using two-year EC
measurements (2010 and 2011) in the context of GPP estimates,
the Biome-BGC model was calibrated to GPP estimates obtained
from 30 forest plots (different from the 22 reference ﬁeld plots dis-
cussed below) representing various conditions, such as the terrain,
forest stand and climatic conditions. The calibrated Biome-BGC
model was applied to simulate longer timescale forest carbon ﬂuxes
(i.e., GPP, NPP, NEE) over the Qilian Mountains. GPP and NEE were
validated using two-year EC measurements at the site, and NPP
was compared to dendrochronogical measurements over the Qil-
ian Mountains from 2000 to 2012. The spatial distribution of forest
NPP and its temporal trend was  then analyzed over the study area.
2. Study area and dataset
2.1. Study area
The Qilian Mountains are located within the upper reaches of the
Heihe River Basin (HRB), the second largest inland river in the cold
and arid region of northwest China (Fig. 1). The landscape of the HRB
varies. From south to north, three major geomorphological units are
found within the area: the southern Qilian Mountains in the upper
stream, the Hexi Corridor in the midstream, and the northern Alxa
High Plain in the downstream. The Qilian Mountains are a hydrolog-
ically and ecologically important unit, supporting the agricultural
irrigation within the Hexi Corridor and maintain ecological viability
within the Alxa Highland. However, at present, the system is vul-
nerable and the degradation of water resources within the upper
catchments could catalyze related environmental problems for the
middle and downstream reaches. Due to wood denudation, exten-
sive grazing, and the excessive exploitation of water resources, the
Qilian Mountains can hardly bear further degradation.
The climate of the Qilian Mountains is temperate and continen-
tal and is inﬂuenced by the Qinghai-Tibet plateau. During winter,
atmosphere circulation is controlled by the Mongolia anticyclone
and conditions are cold and dry with little precipitation. The differ-
ence in precipitation between summer and winter is large, as most
of the annual precipitation (350–496 mm)  occurs during summer.
Precipitation decreases 67 mm per degree from the eastern to the
western side of the Qilian Mountains (Chen and Qu, 1992). Shi et al.
(2003) indicated that since 1987, the western Qilian Mountains
have experienced a climatic shift from warm-dry to warm-wet con-
ditions; whereas the eastern Qilian Mountains are still experiencing
a warm-dry climate due to less impact from westerly atmospheric
circulation and less glacial and snow melt than the west. Climate
warming accelerates glacier and snow melt, and most of large
glaciers are distributed in the western portion of the Qilian Moun-
tains, making a more signiﬁcant contribution to total river run-off in
these regions. Additionally, human water use in the western Qilian
Mountains is negligible.
With elevations varying from 1500 to 6000 m above sea level,
the main vegetation types found within the Qilian Mountains are
mountainous pastures, shrubs, and forests. The forests consist of
Picea crassifolia mixed with a fairly small fraction of Sabina prze-
walskii, both of which only survive on shady slopes at elevations
between 2500 and 3300 m.
Picea crassifolia is the dominant species forming the pure forest
over the Qilian Mountains (Peng et al., 2015). Picea crassifolia is tol-
M. Yan et al. / International Journal of Applied Earth Observation and Geoinformation 52 (2016) 515–526 517
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rant to cold and dry climate and poor soil conditions, and widely
sed to conserve soil and water in barren mountain areas of north-
est China. The forests of Qilian Mountains have been exposed to
ecreased human disturbances and livestock since the establish-
ent of the Qilian Mountains National Reserve in 1986 (Wagner
t al., 2015).
.2. Dataset
.2.1. Meteorological and ﬂux data
Daily meteorological data from 2000 to 2012 were obtained
rom 15 surface meteorological stations maintained by the
hina Meteorological Administration (CMA) and 7 observation-
trengthened stations established in 2008 by the Watershed Allied
elemetry Experimental Research (WATER) project (Li et al., 2009,
011). The extrapolation of meteorological forcing parameters to
 regional scale (two meters in vertical height with a resolution
f 0.05◦) was performed using the weather research and forecast-
ng (WRF) model (Pan and Li, 2013). WRF  estimates were further
ownscaled to 1 km in order to retain the same grid size for both
cological models. Downscaled WRF  estimates over the HRB were
onsistent with daily observations, validated for the Heihe River
asin by Pan (2012) using 15 CMA  Stations and 7 observation-
trengthened stations. The daily validation demonstrated that WRF
imulation showed high agreement with observations, and the R2
etween WRF  estimates and the observations is larger than 0.93.
he hourly validation showed that WRF  estimates can depict the
rend of the observations, and the R2 is larger than 0.8. In this study,
aily meteorological estimates including temperature, precipita-
ion, the vapor pressure deﬁcit (VPD), and downward shortwave
adiation (DSR) were used in the Biome-BGC model; and the 8-
ay minimum temperature, the VPD, and photosynthetically active
adiation (PAR) were used in the MOD  17 model.ntains; the Guantan ﬂux site is indicated.
To analyze the various impacts of climatic variations on inter-
annual NPP trends, the following meteorological estimates were
statistically calculated for the forest growing season (April 1st to
September 30th) over the Qilian Mountains: downscaled temper-
ature, precipitation, the VPD, and DSR.
In 2010 and 2011, water vapor and CO2 ﬂuxes between the
canopy and the atmosphere were measured with an eddy covari-
ance system located at Guantan station (100◦15′E, 38◦32′N, and
2835 m).  The forest EC system consisted of a three-dimensional
sonic anemometer (CSAT-3, Campbell Inc., USA), a CO2 and H2O
gas analyzer (LI-7500, LI-COR Inc., USA), a heat ﬂux plate (HFP01,
Campbell Inc., USA), a four-component radiometer (CM3 and CG3,
Kipp and Zonen, USA), a temperature and relative humidity probe
(HMP45C, Vaisala Inc., Finland), a wind speed sensor (014A and
034B, Met  One Instruments, Inc., USA), and a data logger (CR5000,
Campbell Inc., USA). Measurements sampled at a rate of 10 Hz were
processed into 30 min  average ﬂuxes using EdiRe software (Zhang
et al., 2010). Processing included outlier removal, coordinate rota-
tion, time lag analysis, frequency response calibration, and WPL
correction. These two-year measurements were used to optimize
and validate the MOD  17 and the Biome-BGC models.
2.2.2. Forest/non-forest and soil maps
A forest/non-forest map  obtained from Landsat-5 TM images
based on the rule classiﬁer, as validated by Tian et al. (2014) (with
the overall accuracy of 90.88%) was  used in this study. The soil map
of Shangguan et al. (2012) was  used in the Biome-BGC model and
was derived using a soil texture map  of China and 8595 soil proﬁles
from the Second National Soil Survey.2.2.3. Remotely sensed data
A time-series (from 2000 to 2012) of 8-day Global LAnd Sur-
face Satellite (GLASS) LAI products retrieved by general regression
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eural networks (GRNNs) (Xiao et al., 2014) were used to derive
PAR for initiation of the optimized MOD  17 model. For the com-
arative analysis between the optimized and original MOD  17
odels, MOD15A2 and MOD17A2 were downloaded from NASA
AADS (http://ladsweb.nascom.nasa.gov). The MOD15A2 product
imulates 8-day composites of LAI and fPAR, and the MOD17A2 sim-
lates 8- day composites of GPP and annual NPP. The MOD15A2 and
OD17A2 products are MODIS Collection 4 data and have a 1 km
esolution.
.2.4. Dendrochronological measurements
For the validation of long-term (2000–2012) forest NPP esti-
ates, dendrochronological surveys are an acceptable method.
wenty-two forest plots (20 × 20 m2) were surveyed in May  2014.
he plots represent the overall characteristics of local environ-
ental and meteorological conditions, and they are different in
errain and forest stand (e.g., ages, canopy closure, and above-
round biomass level). Each plot keeps at least 2 kilometers far
rom each other to avoid the spatial autocorrelation according to
he 1 km resolution of computing grid of the ecological models used
n this study. Measurements of the DBH, tree height, and crown
overage were included in the survey. Three sample trees of each
BH grade (grades of 5–10 cm,  10–15 cm,  15–20 cm,  20–25 cm,  and
5–30 cm were obtained for each forest plot) were cored at a height
f 1.3 m,  and two wood cores were extracted at 180◦in order to
ircumvent the compression of wood. Tree cores were sent to the
aboratory, seasoned in dry storage, and analyzed a few weeks later.
he ring width of each core was measured using a Lintab5 system
ith an accuracy of 0.0001 mm.
. Methodology
.1. Processing of dendrochronological data
To validate annual NPP simulated using the calibrated Biome-
CG model, radius increments derived from dendrochronological
easurements were transformed into carbon. A linear relation-
hip between the diameters of the cores and measured heights was
hen determined, and was used to estimate tree heights from 2000
o 2012. Annual diameters and estimated heights were applied to
alculate above-ground biomass (AGB) for all of the study years
ccording to the law of allometric growth proposed by Wang et al.
1998). The AGB values of each DBH grade were calculated using
he average AGB from sample trees multiplying the amounts of
rees of each DBH grade in the forest stand. Then the AGB val-
es of the entire forest stand was summed by AGB values of each
BH grade. Finally, the interannual increments of biomass within
he 22 plots were converted into corresponding interannual above-
round NPP using species-speciﬁc biomass expansion factors (IPCC,
003; Somogyi et al., 2008; Federici et al., 2008). According to the
tudy of Wang et al. (1999) for Picea crassifolia,  a value of 0.5243 was
mployed. Interannual NPPs were additionally employed for vali-
ating the NPP estimates obtained from the calibrated Biome-BGC
odel over the 22 plots from 2000 to 2012.
.2. The MOD  17 model
Based on the MOD  17 model, the U.S. National Aeronautics and
pace Administration (NASA) Earth Observing System (EOS) pro-
uces a regular global GPP estimate of Earth’s entire terrestrial
urface at a 1-km resolution (Heinsch et al., 2003; Running et al.,
999). The MOD  17 model is based on the radiation conversion efﬁ-
iency concept of LUE (Monteith, 1972) and is driven by maximum
UE (max), a scalar of the 8-day vapor-pressed deﬁcit (VPD), a scalar
f the 8-day minimum air temperature (Tmin), and absorbed pho-ervation and Geoinformation 52 (2016) 515–526
tosynthetically active radiation (APAR, MJ  day−1). Therefore, GPP is
calculated as follows:
GPP = max ∗ f(Tmin) ∗ f(VPD) ∗ APAR (1)
where max is the potential maximum LUE without environmental
stress (Jahan and Gan, 2009); APAR is derived from measurements
of PAR and is calculated as 0.45 of solar radiation multiplied by fPAR.
fPAR can be derived using a simple Beer’s Law approach (Jarvis and
Leverenz, 1983):
f PAR = 1-(e(-K∗LAI)) (2)
where k is the canopy light extinction coefﬁcient, which is set as the
same value (0.5) as that in the Biome-BGC model (Running et al.,
2000). LAI is the leaf area index.
The expressions of VPD (f (VPD)) and T (f (Tmin)) scalars are
given by:
f(VPD) =
⎧⎪⎪⎨
⎪⎪⎩
0,VPD > VPDmax
VPDmax-VPD
VPDmax-VPDmin
, VPDmin < VPD < VPDmax
1,VPD < VPDmin
⎫⎪⎪⎬
⎪⎪⎭
(3)
and
f(Tmin) =
⎧⎪⎪⎨
⎪⎪⎩
0,Tmin < Tminmin
Tmin-Tminmin
Tminmax-Tminmin
, Tminmin < Tmin < Tminmax
1,Tmin > Tminmax
⎫⎪⎪⎬
⎪⎪⎭
(4)
where VPD is the 8-day average vapor pressure deﬁcit and Tmin
is the minimum air temperature. Tminmax, Tminmin, VPDmax, and
VPDmin are speciﬁc parameters that can be acquired from the Biome
Parameters Look Up Table (BPLUT) using various vegetation codes.
The MOD  17 model requires forcing data from the following
three sources: 1) biome speciﬁc parameters such as max, 2) meteo-
rological data (e.g., incoming radiation, air temperature, and VPD),
and 3) fPAR. In the past, MODIS GPP products have been gener-
ated using data from MODIS surface reﬂectance with information
regarding vegetation phenology, the canopy absorbance of fPAR,
and climate data from the NASA Data Assimilation Ofﬁce (DAO)
climate model. Speciﬁcally, for estimating GPP, biome speciﬁc
parameters (max) are assigned based on an eight-class MODIS land
cover classiﬁcation product (with a 1 km resolution) and the associ-
ated BPLUT (Hansen et al., 2000; Running et al., 2004; Coops et al.,
2007; Nightingale et al., 2007). Using scalars (0–1) for Tmin and
VPD, GPP is then calculated (Turner et al., 2006).
In past studies, MODIS GPP products have been evaluated for
different ecosystems in various study areas (Reeves et al., 2005;
Gebremichael and Barros, 2006; Zhang et al., 2008; Propastin et al.,
2012; Jin et al., 2013; Sjöström et al., 2013). Uncertainties in the
original products include those from biome-speciﬁc parameters,
input data (e.g. meteorological and radiometry data), and vegeta-
tion maps. Speciﬁcally, coarse-scale meteorological data (e.g. Tmin,
VPD) were required for DAO climate data (Heinsch et al., 2003); and
errors in radiometry data can lead to the miscalculation of fPAR.
The original MODIS GPP products were validated at Guantan
forest station using two  years EC measurements in this study. To
analyze the uncertainties surrounding inputting parameters col-
lected from three sources (meteorological, biome-speciﬁc, and fPAR
parameters) on model behavior, three simulations of GPP were
designed. As compared with the original simulation driven by
default parameters, the ﬁrst experiment (GPP MOD1) was opti-
mized using the reﬁned meteorological inputs (Tmin, VPD and PAR
at Guantan forest station). The second experiment (GPP MOD2)
was optimized using both the reﬁned meteorological and the
th Observation and Geoinformation 52 (2016) 515–526 519
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Table 1
The default parameter settings of Biome-BGC model.
Parameters Default
value
Unit
1 = WOODY 0 = NON-WOODY 1 ﬂag
1  = EVERGREEN 0 = DECIDUOUS 1 ﬂag
1  = C3 PSN 0 = C4 PSN 1 ﬂag
1  = MODEL PHENOLOGY0 = USER-SPECIFIED PHENOLOGY 1 ﬂag
yearday to start new growth (when phenology ﬂag = 0) 0 yday
yearday to end litterfall (when phenology ﬂag = 0) 0 yday
transfer growth period as fraction of growing season 0.3 prop.
litterfall as fraction of growing season 0.3 prop.
annual leaf and ﬁne root turnover fraction 0.25 1/yr
annual live wood turnover fraction 0.7 1/yr
annual whole-plant mortality fraction 0.005 1/yr
annual ﬁre mortality fraction 0.005 1/yr
(ALLOCATION) new ﬁne root C: new leaf C 1.0 ratio
(ALLOCATION) new stem C: new leaf C 2.2 ratio
(ALLOCATION) new live wood C: new total wood C 0.1 ratio
(ALLOCATION) new croot C: new stem C 0.3 ratio
(ALLOCATION) current growth proportion 0.5 prop.
C:N  of leaves 42.0 kgC/kgN
C:N  of leaf litter, after retrans location 93.0 kgC/kgN
C:N  of ﬁne roots 42.0 kgC/kgN
C:N  of live wood 50.0 kgC/kgN
C:N  of dead wood 729.0 kgC/kgN
leaf  litter labile proportion 0.32 DIM
leaf  litter cellulose proportion 0.44 DIM
leaf  litter lignin proportion 0.24 DIM
ﬁne root labile proportion 0.30 DIM
ﬁne root cellulose proportion 0.45 DIM
ﬁne root lignin proportion 0.25 DIM
dead wood cellulose proportion 0.76 DIM
dead wood lignin proportion 0.24 DIM
canopy water interception coefﬁcient 0.041 1/LAI/d
canopy light extinction coefﬁcient 0.5 DIM
all-sided to projected leaf area ratio 2.6 DIM
canopy average speciﬁc leaf area (projected area basis) 12.0 m2/kgC
ratio of shaded SLA: sunlit SLA 2.0 DIM
fraction of leaf N in Rubisco 0.04 DIM
maximum stomatal conductance (projected area basis) 0.003 m/s
cuticular conductance (projected area basis) 0.00001 m/s
boundary layer conductance (projected area basis) 0.08 m/s
leaf  water potential: start of conductance reduction −0.6 MPa
leaf  water potential: complete conductance reduction −2.3 MPa
vapor pressure deﬁcit: start of conductance reduction 930.0 Pa
vapor pressure deﬁcit: complete conductance reduction 4100.0 PaM. Yan et al. / International Journal of Applied Ear
alibrated biome-speciﬁc (max) parameters, and max was  recal-
ulated as follows:
max = GPP/APAR (5)
here GPP and APAR were the values in growing season. Finally, the
ast experiment (GPP MOD3) was optimized using all three sources
f reﬁned inputs (reﬁned meteorological data, recalculated max
nd 8-day GLASS fPAR during 2010 and 2011).
.3. The Biome-BGC model
As a bio-geochemical model, the Biome-BGC model offers an
xplicit representation of vegetation phenology and growth by sim-
lating carbon, nitrogen, and the hydrological cycle (Running and
unt, 1993). The model is a development of the FOREST- BGC model
nd has been widely applied in forest and non-forest biomes in dif-
erent regions (White et al., 1999; Lagergren et al., 2006; Engstrom
t al., 2006; Chiesi et al., 2007; Ueyama et al., 2010; Chiesi et al.,
014).
The fundamental principle of Biome-BGC model is that incom-
ng energy from radiation, carbon, nitrogen, and water must all
e in balance at any given time (Thornton, 1998). In practice, this
eans that at the end of each day, the Biome-BGC model updates
ach state variable and checks for a balance. The forcing data for
iome-BGC include standard daily meteorological data (e.g., tem-
erature, precipitation, the VPD, radiation, and day length), site
escriptive parameters (i.e., the physical characteristics of a site),
nd vegetation eco-physiological parameters (Table 1, e.g., the
eaf C:N ratio, maximum stomatal conductance, ﬁre and non-ﬁre
ortality frequencies, and allocation ratios), which are typical for
peciﬁc vegetation type and environmental conditions. The model
an simulate daily to inter- decadal ecosystem processes and bio-
eochemical cycles in vegetation as well as the resulting effects on
arbon ﬂuxes.
For our analysis, we used the most recent release of the Biome-
GC model, version 4.2. Since the Biome-BGC model is a multi-
arameter and non-linear model, parameter settings must be mod-
ﬁed in order to adapt to different groups of biomes, particularly
hose in cold and arid regions where eco-climate features are obvi-
usly different from those for which the model was originally set.
.4. Incorporation of the MOD  17 and Biome-BGC model
Integration of the MOD  17 and Biome-BGC models was  moti-
ated by our desire to take full advantage of the space-continuity of
emote sensing data and the time-continuity characteristics of eco-
ogical, biophysical, biochemical, and hydrological processes. Thus,
ncorporation was deployed both for simulating space and time-
ontinuity ecosystem variations and for analyzing environmental
auses.
The extremely heterogeneous forest landscape (e.g., distribu-
ion, age, height, etc.) and environmental conditions (e.g., location,
eather, terrain, etc.) of our study site made it necessary to glob-
lly calibrate the parameters (e.g., eco-physiological parameters)
f the Biome-BGC model (White et al., 2000). Site parameters, such
s vegetation type, soil properties, and terrain information, can
e derived from vegetation and soil type maps, and digital ele-
ation models (DEMs). The eco-physiological parameters for the
verwhelmingly dominant tree species (Picea crassifolia)  and the
urrounding atmospheric parameters of the study area (i.e., bound-
ry layer conductance) were difﬁcult to determine due to a lack of
rior knowledge.Prior to the calibration of a model, a sensitivity analysis should
e performed in order to determine the key parameters inﬂuenc-
ng model behavior. Previous studies have indicated that sensitive
arameters vary according to the species tested and the locationECOPHYS ENF-cool (evergreen needle leaf forest—cool climate).
(Raj et al., 2014). In this study, we  analyzed the effects of eco-
physiological parameters on the GPP model output variable by
varying an independent parameter by 20% in both directions using
a mean value obtained from White et al. (2000). The 13 year aver-
age GPP for the 30 forest plots selected was used in the sensitivity
analysis as the output variable. The sensitivity of GPP (y) to eco-
physiological parameters (x) was  calculated as the ratio of GPP
change to the parameter change (y/x). Sensitivity results were
divided into three categories: (1) strong sensitivity with the abso-
lute quantity (|y/x|)  larger than 0.2, (2) medium sensitivity with
|y/x|  between 0.1 and 0.2, and (3) low sensitivity with |y/x|
smaller than 0.1.
For this study, two-year EC measurements, downscaled WRF
estimates, and fPAR products from GLASS LAI were applied in order
to optimize the MOD  17 model at the EC site. Integration of the
MOD 17 and Biome-BGC models was performed by calibrating sen-
sitive parameters in the Biome- BGC model using GPP simulations
for the growing seasons as obtained from the MOD  17 model, after
the MOD  17 model was  veriﬁed to be highly valid. Eight-day GPP
estimates over two  years (2010–2011) during the growing sea-
sons were computed for all of the 30 selected plots by running
the optimized MOD  17 model. The estimates were then used as
a reference for calibrating the Biome-BGC model conﬁgurations.
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Table 2
Sensitivity and modiﬁed parameter settings for the calibrated Biome-BGC model.
Ecophys ENF Sensitivity
indexes
Calibrated
value
Leaf and ﬁne root turnover 0.01a 0.24
Whole-plant mortality −0.14a 0.003
FRC:LC 0.32b 2.0
SC:LC 0.18a 2.4
C:N  of leaves 0.23b 46
C:N  of ﬁne roots 0.25b 90
C:N  of live wood 0.02 50
C:N  of dead wood −0.01 729
Canopy light extinction interception −0.008 0.5
SLA  0.31b 12
Fraction of Leaf N in Rubisco 0.28b 0.08
Maximum stomatal conductance −0.22b 0.0022
Cuticular conductance 0.11a 0.000022
Boundary layer conductance 0.01 0.08
Vapor pressure deﬁcit: start of conductance reduction−0.18a 600
Vapor pressure deﬁcit: complete conductance reduction−0.12a 390020 M. Yan et al. / International Journal of Applied Ear
or this purpose, and by considering the representativeness of the
lobal calibration for forests over the Qilian Mountains, the 30
elected plots were characterized using different conditions (i.e.,
arious forest stands and meteorological conditions). As a result,
 total of 1380 (30 plots × 23 layers/plot/year × 2 years) GPPs from
he Biome-BGC model were plotted against the reference values
btained from the optimized MOD  17 model. Speciﬁcally, calibra-
ion was performed by adjusting the 8-day GPP outputs for the
rowing seasons from the Biome-BGC model in order to ﬁt those
btained from the optimized MOD  17 model for the 30 selected
orest plots. Sensitive (strong and medium effect) parameters were
alibrated accordingly when the best agreement was  determined.
uring calibration, sensitive parameters varied by 10% in both
irections from the mean values.
. Results
.1. Optimization of the MOD  17 model
The use of GPP estimates produced by the optimal MOD  17
odel, for calibrating the Biome-BGC model, depends on the
ssumption that the former model is capable of accurately sim-
lating GPPs. However, as compared to the EC GPPs (GPP EC), the
riginal MODIS GPPs (GPP Default) were signiﬁcantly underesti-
ated (Fig. 2, with R2 = 0.47, RMSE = 20.2729 gC/m2/8d). This type
f performance in the original model was also reported by Zhang
t al. (2008) and Wang et al. (2013a,b). Using reﬁned inputs for
AR, the VPD, and Tmin from the WRF, as well as additional default
arameters, the GPP MOD1 was performed. As shown in Fig. 2,
he simulated GPPs (with R2 = 0.68, RMSE = 13.8446 gC/m2/8d)
mproved slightly as compared to the original MODIS GPPs, espe-
ially during the growing seasons.
For the GPP MOD2, the max (estimated in grams of carbon per
J of APAR) was calibrated for Picea crassifolia using EC measure-
ents of GPPs and APAR during the growing seasons. The value
f the calibrated max (1.13 gC/MJ APAR) was determined to be
uch greater than the value obtained in the BPLUT (1.008 gC/MJ
PAR). The calibrated max, the default fPAR, and the reﬁned param-
ters used within the GPP MOD1 were then assembled into the
PP MOD2 in order to calculate GPP. This scheme generated GPPs
hat were slightly better than those obtained from the GPP MOD1
with R2 = 0.73, RMSE = 11.0726 gC/m2/8d).
To mitigate the inﬂuence of noise (e.g. clouds, aerosols, water
apor, etc.) in the original MODIS fPAR products on GPP values, the
LASS LAI products used to reproduce fPAR were introduced within
he GPP MOD3 simulation. The original MODIS fPAR products con-
ained some serious noise and exhibited dramatic ﬂuctuations for
Fig. 2. Comparisons of GPPs obtained from the original products, three simula Sensitivity between 0.1 and 0.2.
b Sensitivity larger than 0.2.
the forest site. In contrast, the temporal proﬁles for the GLASS LAI
during 2010–2011 were relatively smooth. The GLASS LAI has been
validated by Xiao et al. (2014) for several sites worldwide.
Overall, GPP estimations from the GPP MOD3 yielded
the highest agreement with EC measurements (R2 = 0.91,
RMSE = 5.1942 gC/m2/8d), so they were used for subsequent
calibration of the Biome-BGC model.
4.2. Calibration of the Biome-BGC model
In general, the ratio of new ﬁne root carbon to new leaf car-
bon (FRC: LC), the C:N ratios of leaves and ﬁne roots, the Fraction of
Leaf N in Rubisco (FLNR), the canopy average speciﬁc leaf area (SLA),
and maximum stomatal conductance displayed strong impacts on
annual average GPPs (Table 1). The effects of total mortality, the
ratio of new stem carbon to new leaf carbon (SC:LC), cuticular
conductance, and the vapor pressure deﬁcit, both at the start and
the end of conductance reduction, were of medium sensitivity in
regards to their impact on GPP values. The sensitivity of other eco-
physiological parameters was small in regards to GPP values.
According to the calibration scheme, the ﬁnal calibrated param-
eter values are provided in Table 2. A scatter plot (Fig. 3)
indicated optimal agreement between growing season GPP val-
ues obtained from the optimized MOD  17 model (GPP MOD3)
and those from the calibrated Biome-BGC model (R2 = 0.80,
RMSE = 14.38gC/m2/8d).
ations (GPP MOD1, GPP MOD2 and GPP MOD3) and EC measurements.
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calibrated Biome-BGC model were validated against calculationsig. 3. A comparison of 8-day GPP values for the growing season obtained using the
ptimized MOD 17 model and those derived from the calibrated Biome-BGC model..3. Carbon ﬂuxes from the calibrated Biome-BGC model
The comparison and validation of GPP estimates from the
efault and calibrated Biome-BGC models is provided in Fig. 4.
Fig. 4. Comparisons and validations of GPP values simulate
Fig. 5. Comparisons and validations of NEE values simulateervation and Geoinformation 52 (2016) 515–526 521
As expected, the original Biome-BGC model driven by the default
parameters generated unsatisfactory GPP results, with substantial
underestimations, especially for the summer and winter of 2010
and 2011 (R2 = 0.67, RMSE = 5.82 gC/m2/d). The calibrated Biome-
BGC model that incorporated the well- performed MOD  17 model
improved the performance of the carbon ﬂux simulation (R2 = 0.79,
RMSE = 1.15 gC/m2/d) (see Fig. 4). Based on more accurate simu-
lations of the calibrated Biome-BGC model, we  applied the model
to regional forest carbon ﬂuxes for the years 2000–2012 over ﬁner
time scales.
As shown in Fig. 5, in a similar manner, great improvement
for the NEE estimation was observed. Without the calibration, the
Biome-BGC model largely underestimated NEE values (R2 = 0.47,
RMSE = 5.30 gC/m2/d). After calibration, the NEE simulation was
substantially improved (with R2 = 0.69, RMSE = 1.087 gC/m2/d).
Interestingly, both the EC-measured and simulated NEE values
were generally positive during winter, suggesting that forests
within the Qilian Mountains were functioning as a carbon sink
during the winter of 2010 and 2011. Additionally, ecosystem respi-
ration (ER) obtained from the calibrated Biome-BGC model yielded
good agreement with EC measurements (Fig. 6, with R2 = 0.76,
RMSE = 1.073 gC/m2/d). However, the simulated ER values were
generally higher than EC measurements, and the most likely reason
may  be that soil respiration was  highly overestimated.
The time-series (13 years) of interannual NPPs obtained from thefrom the dendrochronological data. Calculations for the 22 forest
plots were converted into corresponding interannual NPPs. In gen-
eral, measured annual NPP values for the 22 forest plots ranged
d from the default and calibrated Biome-BGC model.
d from the default and calibrated Biome-BGC model.
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mized MOD  17 model can accurately estimate GPP values, it cannotig. 7. Validation of interannual NPPs from the calibrated Biome-BGC model against
hose from a time-series of dendrochronological data.
etween 32 and 199 gC/m2/yr, and simulated annual NPPs were
pproximately 19–188 gC/m2/yr. Simulated annual NPPs were
lightly lower than those obtained from the dendrochronological
ata, but the relationship between them was signiﬁcant (R2 = 0.73,
MSE = 24.46 gC/m2/yr) (Fig. 7).
.4. The distribution and trend analysis of NPP
To analyze the spatial feature of NPP over the Qilian Moun-
ains, mean annual NPP was calculated from 2000 and 2012. For
he entire region, mean annual forest NPP ranged from 119.18 to
99.84 gC/m2/yr and displayed signiﬁcant spatial differences. As
hown in Fig. 8(a), the study area was characterized by higher NPP
alues for southeast as compared to those in the northwest. A simi-
ar tendency was reported by Lu et al. (2009), who indicated that the
PP distribution over the Qilian Mountains displayed longitudinal
onal characteristics, with values decreasing from east to west.
Linear regression was used to analyze the NPP trend; that
s, the relationship between annual NPP and the time of each
ixel was established in order to predict a change in trend. The
esults (Fig. 8(b)) indicated that forest NPP experienced a remark-
ble downward change with an average trend of 0.39 gC/m2/yr from the default and calibrated Biome-BGC model.
from 2000 and 2012. Forest NPP with an increasing tendency only
accounted for a small proportion (2%) of total NPP.
Statistics for the dynamics of interannual average forest NPP
over the Qilian Mountains are provided in Fig. 9. Together with
this dynamic, meteorological driving data from the downscaled
WRF  are also provided. The statistics were only calculated for
the Qilian Mountain forest growing season. According to the lin-
ear correlation coefﬁcient and p- test between the dependent
and independent variables, annual NPP showed no signiﬁcant
decline during 2000 and 2012 (R2 = 0.258, p-value > 0.05). Similarly,
average VPD and temperature performed no signiﬁcant change
(R2 = 0.0003, p-value > 0.05; R2 = 0.17, p- value > 0.05, respectively),
but annual precipitation and DSR changed signiﬁcantly (R2 = 0.32,
p-value < 0.05; R2 = 0.55, p-value < 0.01, respectively). Ascending
trends for interannual variations of mean temperature and precip-
itation were determined, while the VPD yielded large ﬂuctuations
and a weak upward trend. DSR displayed a gradual decline. As is
clear from the data, precipitation did not limit forest NPP within
the Qilian Mountains, but (low) DSR and (high) VPD were limit-
ing. For example, the driest season during 2003 with the second
lowest VPD, a low temperature, and a sufﬁcient DSR pushed NPP
to a summit. Minimum values of NPP were determined for years
with low DSR and a high VPD (i.e., 2006 and 2009). During other
years, anomalies in meteorological forcing did not drive NPP to an
extreme.
5. Discussion
Integration of the remote sensing-based model and the process-
based model allows for the possibility of simulating carbon ﬂuxes
with temporal and spatial continuity. This type of approach has
been proven credible for Mediterranean forests (Chiesi et al., 2007;
Maselli et al., 2008), but no existing experiments regarding its
feasibility for cold and arid forests have been performed. We  incor-
porated the MOD  17 model and the Biome-BGC model in order to
obtain accurate carbon ﬂuxes over the Qilian Mountains. Optimiza-
tion for the MOD  17 model was conducted using three sources of
reﬁnement for the input parameters: meteorological data (the VPD,
Tmin, and PAR) downscaled from WRF  simulations; max, calibrated
for Picea crassifolia using site measured GPPs and APAR; and time-
series fPAR reconstructed from the GLASS LAI using Beer’s Law. Both
WRF  simulations and GLASS products have previously been shown
to be reliable (Pan and Li, 2011; Xiao et al., 2014). Although the opti-depict many important ecological forest processes (e.g., evapotran-
spiration, respiration, and allocation) (Veroustraete et al., 2002).
Understanding these processes is crucial for clarifying the rela-
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Fig. 8. The spatial distribution of mean annual NPP (a) and its trend (b) from 2000 to 2012.
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sig. 9. Interannual NPP and meteorological data statistics for the growing seasons
nterpretation of the references to colour in this ﬁgure legend, the reader is referred
ionships between climate, environments, forest stand conditions,
nd forest dynamics. Thus, more sophisticated eco-physiological
odels are required for simulating forest processes.
The Biome-BGC model is a widely known tool for simulating
orest ecosystem processes. It works through a spin-up phase to
nd a quasi-equilibrium condition with the local eco-climatic fea-
ures. All the estimates of Biome-BGC model refer to the forest
arbon ﬂuxes are in ecosystem equilibrium conditions without
atural and anthropogenic disturbances. Forests over the Qilian
ountains experiences little anthropogenic disturbances because
f the establishment of the National Reserve. However, due to the
xtreme ﬂuctuation of meteorological and various environmen-
al conditions for forests within the Qilian Mountains, the forest
cosystem is far from the equilibrium condition. Therefore, the
alibration of process-based models is crucial but difﬁcult due to
he ecosystem’s spatial variability. Based on the space-continuity
f ecosystem characteristics, the optimized MOD  17 model was
oupled with the Biome-BGC model in order to ﬁll the calibration
ap for reproducing accurate carbon ﬂuxes within the space-time
ontinuum. Following the calibration, abundant data scarcity for
round reference data in regards to the process-based model was
voided. Such a strategy could also be extended to other regional
cale cases.
Carbon ﬂuxes obtained from the calibrated Biome-BGC model
ielded the same seasonal dynamics as EC measurements, although
he procedure still yielded suboptimal results especially for NEE
imulations. The underestimation of NEE during the non-growing
eason was signiﬁcant as compared to EC measurements (Fig. 5).
orest NEE was closely related to respiration, which strongly
epends on biomass accumulation within the forest ecosystem
Waring and Running, 1998). According to Fig. 6, forest respira-
ion obtained from the calibrated Biome-BGC model was generally
igher than EC measurements, especially during the non-growing
eason. The result was largely caused by growth respiration whichested areas over the Qilian Mountains (red dashed lines are the trend lines). (For
e web version of this article.)
was assumed to be a constant proportion of all new tissue growth
within the Biome-BGC model, leading to a surge in growth respi-
ration seen as a sudden increase in GPP during March and April.
Additionally, Biome-BGC has no provision of the simulation of the
moss, but according to Zheng et al. (2014), the moss actually could
reduce soil respiration due to the arid and cold environmental
conditions over the Qilian Mountains. Further exploitation of soil
respiration simulations should be improved in the process-based
model.
As forest carbon ﬂuxes were simulated on the basis of a 1 km
scale, a problem of mixed pixels occurred, a common problem
within this study area due to the heterogeneity of local forest
landscapes. Accommodating the decomposition of mixed pixels
using high resolution remote sensing data is a crucial issue for
the process-based model. Also the high resolution remote sens-
ing data could improve the accuracy of forest classiﬁcation map
and provide more speciﬁc forest information, which is important
input data for the Biome-BGC model. Meanwhile, data assimilation
has proven to be an effective and potential technique for improv-
ing the accuracy of the process-based model and in making full
use of multi-source remote sensing data. Unlike model calibration
focusing on the model parameters, data assimilation is inclined to
improve the initial state of the model and to forecast the dynamic
characteristics of forests.
Although annual average NPP over the Qilian Mountains dis-
played interannual variation, its declining trend was statistically
signiﬁcant, possibly because the positive effects of increasing
annual precipitation and temperature were offset by the nega-
tive effects of decreasing annual DSR and increasing VPD (Fig. 9).
As reported by Falkenmark and Rockström (2006) and Tian et al.
(2015), during the driest year, soil moisture contributes the most
to positive water use by the ecosystem. Also, soil within the Picea
crassifolia forests of the Qilian Mountains have a high water storage
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apacity (Wang et al., 2013a,b), which may  lead to higher vegeta-
ion photosynthesis.
. Conclusions
In this study, carbon ﬂuxes over the Qilian Mountains were
imulated from 2000 to 2012 using two integrated ecological mod-
ls. Reﬁned input made the optimized MOD  17 model capable
f accurately simulating the GPP behavior of the forest ecosys-
em as compared with the original MODIS model driven by
efault parameters. Since the optimized model performed well
n terms of space-continuity for carbon ﬂuxes, it was integrated
ith the Biome-BGC model in order to describe major forest pro-
esses within time and space. Model calibration was  conducted
sing GPP obtained from 30 forest plots from the optimized
OD 17 model. Using this incorporation strategy, the calibrated
iome-BGC model was more resistant to the impacts of envi-
onmental variability and forest stand diversity, which tend to
reate bias in simulations. The simulated forest carbon ﬂuxes
ere validated against EC measurements and dendrochrologi-
al data. The performance (i.e., in terms of GPP, NEE, and NPP)
f the calibrated Biome-BGC model was signiﬁcantly improved
R2 = 0.79, RMSE = 1.15 gC/m2/d; R2 = 0.69, RMSE = 1.087 gC/m2/d;
nd R2 = 0.73, RMSE = 24.46 gC/m2/yr, respectively). In simulations
rom 2000 to 2012, forest NPP experienced large ﬂuctuations and
nnual NPP displayed spatial variations. In general, higher (lower)
alues occurred in the southeast (northeast), and the overall time-
eries NPP displayed a downward trend with an average change
f 0.39 gC/m2/yr. In cold and arid regions, forests are impacted by
ultiple stresses including warm-induced drought (Yu et al., 2015)
nd a water deﬁcit which can make them vulnerable. Information
uch as this is important for the sustainable development of forest
esources.
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